Big data analytics on geographically distributed datasets (across data centers or clusters) has been attracting increased interest in both academia and industry, posing significant complications for system and algorithm design. In this paper, we systematically investigate the geodistributed big data analytics framework by analyzing the fine-grained paradigm and key design principles. We present a dynamic global manager selection algorithm to minimize energy consumption cost by fully exploiting the system diversities in geography and variation over time. The algorithm makes real-time decisions based on measurable system parameters through stochastic optimization methods, while achieving performance balance between energy cost and latency.
improving decision making, system diagnosis, risk minimization, and developing new products and services.
Useful knowledge can be extracted from huge datasets through advanced data mining algorithms, which are normally computational-intensive and require intelligent, efficient, and scalable engines for deploying analysis services, programming tools, and applications. Generally speaking, the data center (DC)-based infrastructure serves as an effective platform of big data applications. Recently, more and more service providers deploy their service engines globally over DCs in multiple geographical locations, referred to as the geographically distributed data analytics (GDA). 2;3 Compared with data analysis using a single DC, GDA adaptively performs distributed and parallel processing and analytics across multiple DCs, resulting in a much more scalable, fast-response, and resilient big data solution.
Despite its significant benefits, GDA solutions require the cooperative interactions of geodistributed DCs. In GDA, the parallel tasks are processed in a geodistributed manner, and the final outcome requires the coordination of all parallel tasks (e.g., original and intermediate data movement). As a result, a series of important issues arise in this procedure, including which DC is responsible for globally handling the job; how to allocate the parallel tasks to different DCs for processing; and how to place the original and intermediate datasets across geodistributed DCs. To address these issues, a number of critical performance requirements (cost, latency, etc.) and dynamic system constraints (data availability, computing resource, energy efficiency, etc.) should be seriously taken into consideration, as they further complicate system and algorithm design. For example, Pu et al. 2 proposed Iridium, a system for low latency geodistributed analytics, which achieves low-query response times by optimizing both the data placement and task allocation.
In this paper, we study one of the most critical issues in the DGA system design: energy cost. Although there exist a large body of work on DC energy consumption, 4 most research efforts focused only on data analytics in single DCs, which therefore cannot be directly applied to the GDA applications. In this paper, we aim to address the following issues for energy efficient GDAs:
How to minimize the global energy cost by allocating continuously arriving GDA jobs among multiple DCs, given the timevarying energy prices, energy efficiency, service rate, and computing resources of different DCs.
How to deal with the system and data uncertainties that have significant impacts on system performance. In addition to random factors like job arrival and energy price, data uncertainty is one of the most unique characteristics, because the datasets are generally collected in real time from various users or devices and updated dynamically.
To address these two issues, in this paper, we have studied the GDA design principles, and developed a realistic energy model for stochastically arriving GDA jobs. We have also developed a novel GDA algorithm that can achieve global energy cost minimization. Simulations using data traces demonstrate the effectiveness of our approach in terms of energy cost and response time. The remainder of the paper is organized as follows. In Section "BIG DATA ANALY-ITICS OVER GEODISTRIBUTED DCS," we introduce the fundamental framework of the GDA system. In Section "ENERGY COST MINIMIZATION THROUGH GLOBAL MANAGER SELECTION," we present our solution to the problem. In Section "PERFORMANCE EVALUATION," we conduct a performance evaluation. In Section "OPEN RESEARCH ISSUES," we identify some research opportunities and challenges. Finally, we conclude the paper in Section "CONCLUSION."
BIG DATA ANALYTICS OVER GEODISTRIBUTED DCS

Motivation of Geodistributed Data Analytics
Currently, the widely used approach adopted by many companies performs data analytics by gathering the required datasets across all related sites to a central global manager, where the job is processed with single-cluster technologies, such as Hadoop-based stacks. 5 As illustrated in Figure 2 , the DC in Boston (Global Manager) is responsible for handling job requests by gathering the datasets across four locations (Boston, London, Beijing, and Singapore), and then analyzing them centrally. Nonetheless, traditional data analysis requires the data aggregation, which becomes the major performance bottleneck of systems. For example, a well-known Microsoft application for data analytics, Azure, produces over 100 TB/day from multiple geodistributed DCs into a centralized analytics stack. 6 More specifically, centralized data aggregation results in the following issues:
Latency: Big data aggregation across geodistributed DCs significantly delays the timeliness of service, especially for the latencysensitive jobs, such as analyzing user logs to make advertisement pushes and analyzing network traffic to detect the network attacks.
Bandwidth Cost: The bandwidth cost of data transfer is another serious consequence that should be considered. 7;8 It is worth noting that, data transfer for big data analysis has the characteristic of high frequency, which is quite higher than the traditional data transfers, such as backup for load balance and fault tolerance.
Privacy: Considering privacy preserving and regulatory concerns, it is unwise to transfer large volumes of original intensive data (e.g., user activity logs) across multiple DCs, and centralized data aggregation may be inadmissible in some practical systems. 9;10 Clearly, the traditional centralized data analysis is not suitable or ideal for some applications that span geodistributed datasets. To address the above issues, the natural alternative approach is to execute analytics tasks in a geodistributed manner through an intra-DC framework, 2;3 which could significantly alleviate the data movement between different DCs. The GDA framework processes parallel tasks geographically and can be applied to most popular big data processing paradigms, including Batch Processing and Stream Processing. Taking MapReduce as an example, in the traditional centralized MapReduce, the input datasets need to first be gathered from geodistributed DCs to a central one (we call this DC the "global manager"). Then, the job is broken down to Map tasks as input blocks, along with one or more Reduce tasks. Finally, these tasks are executed within the single DC in parallel. Conversely, geodistributed MapReduce does not necessarily require data aggregation. The global manager can first break the job into multiple Map and Reduce tasks, and then these tasks are assigned to different DCs and executed in parallel. As a result, MapReduce in GDA could greatly reduce the movement of the original datasets and alleviate the issues thereof. Notice that some intermediate data (e.g., the output of Map tasks) may need to be exchanged for the subsequent processing of Reduce tasks.
Framework of Geodistributed Data Analytics
We consider a geodistributed data analytics framework that generally involves two main components: 1) front-end server and 2) back-end processing infrastructure. The front-end server is responsible for collecting the job requests from users and selecting an appropriate DC as the global manager. The backend processing infrastructure is responsible for analyzing the dataset, and generally consists of multiple geodistributed DCs, denoted as D 1 ; D 2 ; . . . ; D N . All DCs are globally connected using a core network. Without losing generality, the bandwidth between the core network and specific sites could be significantly heterogeneous due to widely differing link capacities and utilization. We assume that KðK 1Þ types of job are served by the system. For each type of data, the complete datasets are geodistributed spanning all DCs; that is, each DC only holds a data subset. These datasets can be either static data for batch processing, or dynamic realtime data for streaming processing.
Generally speaking, the basic process of GDA is carried out as follows: First, the user submits a job request to the front-end server. Then, the front-end server selects one DC as the global manager, which is responsible for globally handing the job, breaking the job down to multiple tasks, allocating the tasks to different DCs for parallel processing, and feeding the final output back to the user. Notice that the items of "job" and "task" are two different concepts. The task performers are decided by the task allocation and data placement algorithm. The task allocation ratio can be practically used as the parameter of selecting the global manager. The system operates in a slotted time. The length of each time slot matches the timescale, with which the system can adjust its configuration for better performance. Generally speaking, the job interarrival intervals are much shorter than the length of a time slot. We now present the specific model of a GDA system, as illustrated in Figure 3 . Job Arrival and Global Manager Selection: A job request can be launched by any participator in the system, such as a decision maker or service subscriber. We assume that job requests arrive at the front-end server randomly. During time slot t, we denote the number of arrived type-k jobs (k ¼ 1; 2; . . . ; K) as A k ðtÞ. For all arrived job requests, the system first selects DCs as their global managers. Denote f k i ðtÞ as the proportion of type-k jobs which select DC D i as their global manager in time slot t, which indicates the fraction of arrived jobs allocated to any global manager DC. For the global manager selection, the decision variable f k i ðtÞ for all job types and DCs must satisfy the "Job Allocation" and "Global Manager" constraints. First, the "Job Allocation" constraint requires that the value of f k i ðtÞ is a real number between 0 and 1 (i.e., 0 f k i ðtÞ 1). This constraint indicates that the number of jobs allocated to any global manager cannot be less than zero. f k i ðtÞ ¼ 0 means that DC D i will not be selected as the global manager for any type-k job during time slot t. Second, the "Global Manager" constraint requires that the sum of allocation proportions for each job type equals one at any time slot t (i.e., S i f k i ðtÞ ¼ 1). This constraint indicates that any arrived job at any time slot will be dispatched to a global manager immediately; otherwise, some arrived jobs will be stuck in the front-end server and cannot be processed in a timely manner. Thus, for the arrived type-k jobs at time slot t (i.e., A k ðtÞ), the number of type-k jobs allocated to global manager D i can be calculated as f k i ðtÞA k ðtÞ. For ease of description, the vector of all job allocation proportion f k i ðtÞ during time slot t is denoted as fðtÞ fðtÞ.
Service Engine of Global Manager: The data analysis service in each global manager can be considered as a series of dynamic queues. Specifically, each global manager maintains the queues of unfinished jobs. Denote Q k i ðtÞ as the queue backlog of type-k job in global manager D i at time slot t. The queue backlog must satisfy the constraint of "Bounded Queues" (i.e., Q k i ðtÞ 1 for all k and i), which means that the time average queue backlogs of all global managers must converge to bounded values when time approaches infinity. Moreover, the value of a queue backlog indicates latency performance and the bounded value indicates the capability of achieving system stability and a limit to response time. To serve each job, the global manager first decomposes the job into a DAG (Directed Acyclic Graph) of stages, each of which consists of multiple parallel tasks. These tasks will be allocated to geodistributed DCs for parallel processing according to the task allocation algorithm. The specific algorithms can be quite different based upon distinct considerations, including data placement, response time, bandwidth cost, and others. For any job type k, the system maintains a global task allocation ratio, denoted as r k ðtÞ r k ðtÞ. In particular, r k ij ðtÞ represents the ratio of tasks allocated to DC D j when D i is the global manager of the type-k job in time slot t.
Geodistributed Task Processing: After parallel task processing, the global manager will aggregate the results and feed the final outcome back to the client. Due to the geodistributed processing, the number of jobs served by the global manager each time slot (also called service rate) is closely associated with computational resource of each DC, dataset distribution, dynamic bandwidth I/O constraints, and the task allocation algorithm. Considering the highly complicated causality relationship, the service rate of any manager is considered as a stochastic variable, and is difficult to predict in practice. For global manager D i , its service rate for type-k job during time slot t is denoted as m k i ðtÞ. Consequently, the queue backlog Q k i ðtÞ for all k and D i changes every time slot with the arrival new jobs and the corresponding service rate.
Key Design Principles
Despite significant benefits offered by GDA, its performance is limited by the cooperative interactions of geoconnected participating DCs, which significantly complicates the related designs, including the global manager selection, task allocation, and data placement, among others. Specifically, the first key problem of GDA is to select an appropriate DC as the global manager, which coordinates task execution across multiple DCs, keeps track of data locations, and maintains the states of all DCs, including task allocation ratio, efficiencies in service, and geographic diversities. Therefore, the decision of global manager selection can significantly influence the overall system performance and subsequent task execution.
In considering the optimal global manager selection, various performance requirements must be seriously considered. More specifically, from the viewpoints of service provider and client, we list two key design principles as follows:
System Efficiency and Cost. From the perspective of service provider, the system efficiency significantly affects the corresponding costs incurred by data analysis. In particular, the system costs are primarily in the form of energy consumption incurred for powering the fundamental infrastructures, network bandwidth for data transfer among geodistributed DCs, storage and management for geodistributed datasets, and others. Typically, energy costs make up the largest single element of a DC's operating costs, varying from 25-60%. 8 Response Latency. From the perspective of users, minimizing the response latency of service is the key principle. 11 The high response latency can diminish the system's appeal to clients, and thus, reducing its competitiveness in the market. In reality, minimizing response time cannot exist at the expense of infinite system cost, and systems which spare no expense to execute the tasks with all resources must inevitably shift that cost to consumers, again reducing competitiveness. Thus, the practical design principle is to achieve a tradeoff between system cost and response latency.
Considering geographic diversities and various system uncertainties, addressing the problem of selecting the optimal global manager is quite obviously challenging and complicated. In this paper, we address this issue to minimize the cost of energy consumption, while providing efficient service with respect to response latency.
ENERGY COST MINIMIZATION THROUGH GLOBAL MANAGER SELECTION Energy Consumption
To power geodistributed DCs for GDA, megawatts of electricity are consumed in support of computation, storage, network, cooling, and others. As illustrated in Figure 4 , the energy consumption of each job comes from multiple DCs that process parallel tasks simultaneously, unlike the traditional centralized data analysis. Generally speaking, the power consumption of a DC could be modeled as a function of the power consumption of information technology (IT) equipment (servers, storage devices, and network equipment) and its corresponding power usage effectiveness (PUE).
The PUE can vary widely in real time among individual DCs depending on equipment configurations and efficiencies, time of year, local climate, etc. Thus, the diversity of PUE cannot be ignored in modeling the power consumption. In practice, the near-real-time PUE can be obtained in many systems, including Google and Facebook. For instance, Google calculates its PUE every 30 s. Here, we denote the PUE of DC D i during time slot t as PUE i ðtÞ.
Although the tasks of each job are executed geographically, the total number of tasks (or computation) is not actually reduced; thus, the required computation resource from IT equipment is approximately fixed for each job. Thus, we assume that the power consumption of IT equipment for each job can be considered as a fixed value regardless of where these tasks are executed. For the type-k job, its fixed energy consumption from IT equipment is denoted as P k ower . For the global manager, the ratio of the normalized number of tasks allocated to each DC (or task allocation ratio) can be conveniently measured based on the historical data or the task allocation algorithm. Then, considering the diversities of different DCs in energy efficiency (i.e., PUE), the total energy consumption of each job can be expressed as a weighted accumulating from the different DCs based on the task allocation ratio. Thus, for any global manager D i , we can obtain the energy consumption of processing a type-k job in time slot t (denoted as E k i ðtÞ shown in Figure 4 ) by considering the task allocation ratio r k ij ðtÞ, type-specific power consumption P k ower , and the time varying PUE PUE i ðtÞ of the DCs for processing the tasks.
Energy Cost Minimization
Power consumption incurs system cost. On one hand, the service provider or system owner needs to pay bills to the electricity providers, which vary significantly over time and locations. On the other hand, power consumption results in carbon emissions and environmental pollution, which are also different depending on electricity generation techniques (e.g., fuel-based or renewable energy). By considering the time-variance and geographical diversity in both monetary costs and environmental affects, we use v i ðtÞ to model the energy price in the location of DC D i at time t. Thus, for any global manager D i , we can calculate the energy cost of processing a type-k job in time slot t (denoted as C k i ðtÞ shown in Figure 4 ) by multiplying the energy consumption E k i ðtÞ by the corresponding price weight v i ðtÞ. Finally, the total energy cost of each time slot, denoted as CostðtÞ, can be derived by summing the costs of all arrived jobs.
The optimization objective in global manager selection is to minimize the long-term average energy cost, which is defined as the average energy cost of each time slot when time goes to infinity (i.e., lim t!1 1 t P t t¼1 CostðtÞ). Thus, the global manager selection problem can be formulated as a constrained optimization problem, which minimizes the long-term average system cost, subject to the constraints of Global Manager, Job Allocation, and Bounded Queues. Specifically, the following three constraints must be satisfied in the optimization process:
Global Manager: All arrived jobs should select a global manager.
Job Allocation: The number of jobs allocated to a global manager should not be less than zero.
Bounded Queues: The queue backlogs should be bounded (i.e., by finite at all time).
Above three constraints have been defined in Section II-B.
Dynamic Global Manager Selection Algorithm (GMSA)
By considering the stochastic characteristics of the system (e.g., job arrival, energy efficiency, energy price, and service rate), we develop a dynamic GMSA (the detailed mathematic foundations and analysis of GMSA can be found in our technical report, available at: http://arxiv.org/ abs/1708.03184) by using the Lyapunov optimization method. Global Manager Selection Algorithm: The following control operations are performed by the front-end server at each time slot t:
Job Arrival and System States Observation:
When any job request arrives at the front-end server, the system first observes the current values of related system parameters and variables for each job type k and DC D i , including job arrival A k ðtÞ, queue backlogs Q k i ðtÞ, energy price v i ðtÞ, and the service rate m k i ðtÞ.
Global Manager Selecting: The global manager is selected (i.e., computing fðtÞ fðtÞ) by solving a linear programming problem. Specifically, a positive parameter V is used to control the performance tradeoff between the energy cost and queue backlogs. Correspondingly, the practical job allocation operation is then carried out to dispatch the jobs to different global manager.
Job Processing and Queue Updating: Each global manager handles the allocated the jobs and performs the corresponding data analytics. In addition, the queues of each DC are updated based on the newly arrived jobs and completed jobs during this time slot.
An advantage of GMSA is that it only depends on the current system parameters, and does not require predicting any future knowledge (job arrivals, service rates, weight prices, etc.). GMSA applies to any data analysis job, which can be broken down into multiple parallel tasks (e.g., via MapReduce) with the required datasets being geodistributed. Moreover, the parameter V controls the tradeoff between energy cost and queue backlogs. Note that the average queue backlog reflects the latency performance. In particular, GMSA constrains queue backlogs to bounded values (i.e., limited job completion time or latency) through parameter V . For larger values of V , longer queue backlogs are maintained, and the algorithm has more spaces or choices to select more energy-efficient DCs as the global manager. In contrast, when the bounded queue backlogs are small, more energy or cost may be required to process each job. As the theoretical analysis shows in our technical report, increasing the value of V enables the time average energy cost to be arbitrarily near or below the optimal energy cost. Thus, increasing V will have the effect of increasing the time average queue backlog, consequently leading to an increase in job processing delay. The analysis shows that the time average energy cost is, at most, Oð1 ¼ V Þ above the optimal target, while the time average queue backlog is OðV Þ. Thus, the parameter V can be chosen to push the time average energy cost toward the optimal target with a corresponding tradeoff in time average queue backlog (or delay performance).
PERFORMANCE EVALUATION Experimental Setup
The evaluations are conducted based on numerical simulation in MATLAB. We consider the four DCs of Facebook, which are globally distributed in four regions: Prineville, Oregon; Forest City, North Carolina; Lulea, Sweden; and Altoona, Iowa. One type of job is simulated in our experiments. The random job arrival is generated based on the Poisson distribution 12 with the production traces from Facebook's Hadoop cluster, which have 350 K jobs per month. The energy price weight w i ðtÞ is set as the real electricity price traces for the four DC locations, having 5-min intervals, and captured on June 21, 2017. The data are publicly available from government agency Federal Energy Regulatory Commission (FERC). From the public dashboards of Facebook's DCs, the real-time PUE data traces of the same DCs on the same day were also obtained, similarly updated every 5 min. Without loss of generality, the energy consumption from IT components for each job is set as 1 W. To generate the reasonable task allocation ratio, we use the algorithm Iridium. 2 Each job has fixed 100 GB input datasets, which are dynamically distributed in the four DCs randomly. The bandwidth values between the core network and specific DCs vary between 100 Mb/s to 2 Gb/s. The other parameters setting of Iridium are similar to the original reference. 2 We compare GMSA to the following two baseline schemes: 1) DATA Distribution-Based Scheme (Denoted as DATA in figures). The number of jobs allocated to any DC is proportional to its dataset distribution. 2) RANDOM-Based Scheme (Denoted as RANDOM in figures). Each job selects its global manager completely at random without any particular consideration. Two sets of experiments are conducted with respect to the performance along time and the sensitivity to parameter V . All experiments are conducted based on data traces of 24 h. The length of each time slot t is set to 5 min, which is the same as the refresh cycle of the data traces. Considering the purpose of GMSA, we collected the time average energy costs and queue backlogs. The data points provided are averaged from 1000 runs.
Evaluation Results
As illustrated in Figure 5 (a) and (b), we present the performance of baseline schemes and two different parameters V for our GMSA, over 24 h. The parameters V of GMSA are fixed at 1 and 10. From the figure, we observe that the energy cost of GMSA is lower than that of both DATA and RANDOM in almost all time. These results validate the effectiveness of the decisions made by GMSA. Notice that the average queue backlogs in GMSA converge to a bounded value when time approaches infinity, which is an indication of system stability. System stability implies that the time average queue backlog does not go to infinity and the latency limited service can be provided by GMSA. For instance, GMSA limits the average queue backlogs to below 50 when V ¼ 1. That is, for any newly arrived job, any DC whose queue backlog exceeds the bound (i.e., 50) will not be the optimal choice for global manager selection, even if the best energy efficiency can be provided, because the latency cannot be guaranteed due to the long queue. In contrast, the time average backlogs of DATA and RANDOM increase dramatically over time and may go to infinity. In particular, the poor performance of DATA can be explained as follows. First, DATA selects the DC with the largest dataset fraction as the global manager, which cannot provide energy-efficient task allocation. Second, the global manager selection of DATA increases the queue backlog of the DC and consequently increases the job completion time. Overall, these simulation results demonstrate that the dynamic control of GMSA stabilizes the system while achieving the optimization objective of minimizing energy cost. Figure 5 (c) and (d) illustrates the experimental results of the sensitivities of all schemes to the parameter V , as it varies in value from 0.001 Energy-Efficient Data Analytics to 100. Because V does not affect the performance of DATA and RANDOM, the corresponding curves maintain the same value as V increases. We can observe from Figure 5 (c) that DATA and RANDOM always have the highest energy cost (approximately 750 dollars per time slot), because these two baseline schemes are conducted without considering the energy cost. Alternatively, GMSA achieves the lowest energy cost. Even in the worst case, the three schemes have similar performance. In the best case, the energy cost of GMSA can be as low as $540 per time slot, and the reduction of energy cost can reach approximately 30%. In addition, we can clearly see that the average energy cost of GMSA converges to the minimum value as V increases.
Further, we can observe from Figure 5(d) that the time average queue backlogs of GMSA are much smaller than those of baseline schemes, but grow to a high level as V increases dramatically. When V is larger than approximately 10, the average queue backlogs of GMSA become higher than those of the two baseline schemes. This behavior is consistent with the theoretical performance of GMSA; increasing the value of parameter V enables the achieved time average energy cost being arbitrarily near to the optimal target. Conversely, increasing V will also have the impact on increasing the time average queue backlog. Overall, the parameter V can push the time average system cost toward the optimal value with a corresponding tradeoff in time average queue backlog (or response latency).
OPEN RESEARCH ISSUES
The research on geodistributed data analytics is relatively new, and many issues have yet to be thoroughly addressed. Here, we identify some research opportunities and challenges that lie ahead.
Placements for Original and Intermediate Data: The performance of GDA highly depends on the placement of original datasets, which can be optimized before the task allocation and execution. In particular, the placement of original datasets has an indirect effect on GDA's performance, such as on response time, bandwidth cost, privacy, and energy consumption. This is because the placement of the original datasets impacts task allocation. For instance, if most original datasets are stored in DCs with low energy-efficiency, the task allocation may distribute most tasks to these DCs. As a result, greater energy consumption is likely required to process the job. In addition, the placement of intermediate data (e.g., the key-value pairs produced in MapReduce) during the analysis processes also have significant impact on the GDA performance. Thus, efficient algorithms for both original and intermediate data placements are highly desired.
Task Allocation Over DCs: The global manager is responsible for decomposing each job into multiple tasks and assigning these tasks to different DCs for processing in parallel. Here, task allocation algorithms are essential to achieve load balancing, privacy, and system efficiency maximization. For instance, if heavy task loads are allocated to a DC with low up and down network I/O bandwidths, network would be congested caused by intensive data transfer, resulting in high response time. Technically, the task allocation is challenging, because it requires joint consideration of many system parameters, including original dataset locations, processing efficiency of each individual DC, data movement, and network I/O conditions. Moreover, the GMSA proposed in this paper could completely work cooperatively with an ideal task allocation for achieving energy-efficiency and other performance requirements (i.e., bandwidth cost, privacy) simultaneously.
Fog/Edge Computing-Based GDA: Currently, most GDA paradigms adopt the server-client architecture with the front-end server and backend Cloud. Nonetheless, the long distance interactive across geodistributed DCs or clusters globally would result in the serious problems of large latency and high cost for big data management and transfer. The emerging data processing paradigm with Fog/Edge computing architecture 13 would address these issues by offloading the data processing tasks from Cloud DCs to Fog/Edge servers that are much closer to the users. Many important research issues arise by combining the Fog/Edge computing and GDA, including data management and processing over Fog/Edge servers and cloud DCs, resource virtualization and allocation, and hybrid Fog/Edge and cloud task decomposition and allocation for GDA jobs.
CONCLUSION
In this paper, we presented a systemic investigation of energy consumption in big data analytics over geographically distributed datasets. We first analyzed the specific characteristics of geodistributed data analysis and its energy consumption patterns. We then presented a dynamic GMSA to minimize the energy cost by fully exploiting the system diversities in geography and variation over time. Furthermore, extensive experiments based on the real-world data traces demonstrated the effectiveness and efficiency of our proposed scheme, reducing energy costs and queue backlogs in comparison with the baseline schemes. In addition, we pointed out several potential research directions and challenges that remain open for future joint optimization and studies.
Peng Zhao is an Associate Professor with the School of Computer Science and Technology, Xi'an Jiaotong University. His research interests include distributed systems, cloud computing, and system optimization. He received the B.S. and Ph.D. degrees from Xi'an Jiaotong University, in 2007 and 2013, respectively. Contact him at p.zhao@mail.xjtu.edu.cn. Shusen Yang is a Professor in the Institute of Information and System Science, Xi'an Jiaotong University, and holds an academic association as an honorary research fellow at Imperial College London. His research interests include mobile distributed systems and data-driven networked systems. He received the Ph.D. degree from Imperial College London in 2014. Contact him at shusenyang@mail.xjtu.edu.cn.
Energy-Efficient Data Analytics
